This study investigates the performances of different optical indices to estimate gross primary 47 production (GPP) of herbaceous stratum in a Mediterranean savanna with different Nitrogen 48 (N) and Phosphorous (P) availability. Sun-induced chlorophyll Fluorescence yield computed 49 at 760 nm (Fy760), scaled-photochemical reflectance index (sPRI), MERIS terrestrial-50 chlorophyll index (MTCI) and Normalized difference vegetation index (NDVI) were 51 computed from near-surface field spectroscopy measurements collected using high spectral 52 resolution spectrometers covering the visible near-infrared regions. GPP was measured using 53 canopy-chambers on the same locations sampled by the spectrometers. We tested whether 54 light-use efficiency (LUE) models driven by remote sensing quantities (RSM) can better track 55 changes in GPP caused by nutrient supplies compared to those driven exclusively by 56 meteorological data (MM). Particularly, we compared the performances of different RSM 57
Introduction 75
Human-induced nutrient imbalances are affecting essential processes that lead to 76 important changes in ecosystem structure and functioning (Peñuelas et al., 2013) . In spite of 77 the crucial role of nutrients in regulating plant processes, efforts to describe and predict the 78 response of photosynthesis to such changes with remote sensing information have been 79
limited. In the framework of the classical Monteith Light Use Efficiency (LUE) model 80 (Monteith, 1972) and ecosystem-scale eddy covariance measurements are required. Here, we tried to overcome 140 such limitations by combining ground-based radiometric and CO 2 fluxes measurements with 141 similar extension of the measurement footprint using portable spectrometers and canopy 142 chambers in a nutrient-manipulation experiment. 143
The main objective of this study was to evaluate whether traditional LUE models driven by 144 meteorological and phenological data (MM) entail a limited assessment of the environmental 145 controls on GPP. More particularly, we evaluated if the effects of varying nutrient availability 146 on GPP estimates as tracked by chlorophyll fluorescence and PRI can be equally explained by 147 meteorology-driven models. To address the main objective we: 148 a) assess the effect of different nutrient supplies on grassland photosynthesis and optical 149 properties and their relationships during a phenological cycle, including both growing and 150 drying periods, 151 b) evaluate the performance of different LUE modeling approaches with varying nutrient 152 availability and environmental conditions. 153
Material and Methods 154

Site description and experimental design 155
A Small scale nutrient Manipulation Experiment (SMANIE) was set up in a 156
Mediterranean savannah in Spain (39°56'24.68"N, 5°45'50.27"W; Majadas de Tietar, Caceres, 157 summer. Similar to most Mediterranean grasland, grazing (<0.7 cows ha -1 ) is the main land 160 use in the site. The site is defined as a typical Mediterranean savanna ecosystem, low density 161 of oak trees (mostly Quercus Ilex (L.), ~20 trees ha -1 ) dominated by a herbaceous stratum. 162
The experiment itself was restricted to an open grassland area which was not influenced by 163 tree canopy. The herbaceous stratum is dominated by species of the three main functional 164 plant forms (grasses, forbs and legumes). The fraction of the three plant forms varied 165 seasonally according to their phenological status (Table 1) . Overall, leaf area measurements 166 of the herbaceous stratum characterized the growing season phenology as peaking early in 167 April and achieving senescence by the end of May (Table 1) . 168
The experiment consisted of four randomized blocks of about 20 m x 20 m. Each block 169 was separated into four plots of 9 m x 9 m with a buffer of 2 m in between to avoid boundary 170 effects. In each block, four treatments were applied (see Fig. 1 were ground in a ball mill (RETSCH MM200, Retsch, Haan, Germany) and total C and N 202 concentrations were determined with an elemental analyzer (Vario EL, Elementar, Hanau, 203 Germany). P concentrations were also measured: 100-mg biomass subsamples were diluted in 204 3 ml of HNO 3 65%, (Merck, Darmstadt, Germany) and microwave digested at high pressure 205 Table 2 . 302
Relationship between GPP and remote sensing data 303
Ecosystem-level GPP was computed as the difference between NEE and daytime R eco taken 304 consecutively with the chambers. To assess how GPP is modulated by light among treatments 305 and over the phenological cycle of the herbaceous stratum, we computed the parameters of 306 photosynthetic light response curve (PLRC). Specifically, the Michaelis-Menten function was 307 fitted to GPP and PAR data taken throughout the course of the day (from sunrise until sunset) 308 for each field campaign and treatment as follows: 309
where α is a parameter describing the photosynthetic quantum yield (μmol CO 2 μmol photons We evaluated direct relationships between those GPP measurements taken around noon 316 (between 11:00 and 15:00 pm solar time) with the chamber (GPP noon ) and sequentially 317 measurements of Fy760 and spectral indices (NDVI, sPRI, MTCI). In addition, to avoid 318 confounding factors in the relationship between Fy760 and sPRI and photosynthesis, we also 319 used GPP 2000 as a maximum photosynthetic capacity descriptor. 320
Monteith's light-use efficiency modelling approaches 321
Following Monteith's LUE framework (Eq. 2) two alternative modeling approaches were 322 used: 323 cross-validation were also calculated and reported as RMSE cv , rRMSE cv , r 2 cv and ME cv . 374
The Akaike Information Criterion (AIC cv ) was used to evaluate the trade-off between model 375 complexity (i.e. number of parameters) and explanatory power (i.e. goodness-of-fit) of the 376 different model formulations proposed. The AIC cv is a method based on information theory 377 that is useful for statistical and empirical model selection purposes (Akaike, 1998) . Following 378 Anderson et al. (2000) , in this analysis we used the following definition of AIC cv : 379
where n is the number of samples (i.e. observations), p is the number of model parameters and 382 RSS cv is the residual sum of squares divided by n. 383
The LUE model formulations proposed in Section 2.4 can be ranked according to AIC cv , 384
where the model with lowest AIC cv is considered the best among the different model 385
formulations. 386
All model parameters (MM, and RSM) were estimated by using a Gauss-Newton nonlinear 387 least square optimization method (Bates and Watts, 2008) , and standard errors of parameters 388
were estimated by bootstrapping (number of sampling, n = 500; Efron and Tibshirani (1994) and 23.5±4.1 mg g -1 , respectively. Although slightly lower, the differences in total N content 400 between C and +P, and +NP and +N remained high over the drying period. Total P content 401 was higher in +NP and +P treatments after fertilization, as compared to +N and C treatments. 402
Consequently, the N:P ratio at the first campaign after fertilization (#2) achieved values of up 403 to 14.2, 6.6, 6, and 3.7, in +N, C, +NP, and +P treatments, respectively. Similar differences in 404 N:P between treatments were also observed during the drying period (#3 and #4, respectively) in the peak of the growing season (campaign #2); a relative difference of 37% in 413
GPP daily values was found between +N and +NP and C treatments. During the drying period, 414 however, GPP was substantially down regulated (campaigns #3 and #4) and no significant 415 differences were found in GPP daily , regardless of differences in plant N content observed 416 among treatments. The potential photosynthetic capacity GPP 2000 (Fig 2) derived from PLRC 417 was similar in the four treatments in the pretreatment period (campaign #1 , Fig 2a) . in all treatments ranging between 5.6 and 8 μmolCO 2 m -2 s -1 and no differences among 428 treatments was observed (Fig 2 c and d) . These results indicate that the senescence of the 429 herbaceous stratum, which is regulated by water availability, strongly modulated the 430 photosynthetic capacity of the vegetation over the season. 431 p<0.001, r 2 =0.86). Note that these results are computed excluding data taken in the pre-454 treatment campaign (#1) and differences in the relationship between remote sensing data and 455 GPP noon among treatments can be only attributed to nutrient-induced effects. The ANCOVA 456 test did not show significant differences neither in slope nor intercept of the relationship 457 between GPP noon and sPRI, and NDVI across treatments. However, barely significant 458 differences were found in the relationship between GPP noon and Fy760 (p<0.1, Fig 4b) and 459 significant between GPP noon and MTCI (p<0.01, Fig 4d) can be attributed to the higher N content (+N and +NP treatments) as compared to C and +P 475 treatments. Remarkably, residuals of the MM (VPD-SWC) taken from periods with moist soil 476 (SWC>15) were significantly correlated with sPRI and Fy760 (p<0.05, Fig. 7 a and b,  477 respectively). However, no biases between residuals and predictions were observed in RSM 478 over the span of values and treatments (Fig. 8) . Results from the evaluation of model 479 performance indicated that RSM performs best when NDVI rather than MTCI, is used as St in 480 the Eq.7 and, hence, as a proxy for fAPAR (Table 3) Fig 9) . Results indicate that at 541 high GPP levels, Fy760 and sPRI but less NDVI shaped GPP. However, at low GPP levels, 542 either Fy760 or sPRI responded to GPP on a small scale (Fig 9b) . demonstrated that MM (VPD-SWC) was unable to track N-induced differences in GPP during 566 the growing period, when both parameters are not limiting (Fig. 7) . By contrast, accurate 567 estimates of GPP were obtained with RSM both over the drying and the growing periods. 568
These results also indicate the importance of physiological descriptors to constrain LUE, 569 which prevails over structural factors controlling fAPAR (i.e. green biomass) under given 570 environmental conditions and encourage the use of hyperspectral remote sensing for 571 diagnostic upscaling of GPP. 572
With sPRI or Fy760 as a proxy for LUE, RSM is presented as a valuable means to diagnose 573 N-induced effects on physiology. Our results show the limits of MM in predicting the spatial 574 and temporal variability of GPP when LUE is not controlled by meteorological drivers alone 575 (VPD, temperature, soil moisture). Accordingly, GPP is eventually biased whenever neither 576 climatic nor structural state variables explicitly reveal spatial changes in the LUE parameter 577 associated with plant nutrient availability; residuals showed a clear tendency to underestimate 578 the highest modeled GPP values, significantly correlated to Fy760 and sPRI (Fig.7) . 3. Meteo-driven models were able to describe temporal variations in GPP, and 591 soil moisture can be a key parameter to better track the seasonal dynamics of 592 LUE in arid environments. However, meteo-driven models were unable to 593 describe N-induced effects on GPP. Important implication can be derived from 594 these results and uncertainties in the prediction of global GPP still remain 595 when meteo-driven models do not account for plant nutrient availability. Table 1 . Ancillary data resulting from the analysis. Green Plant Area Index (PAIg), fraction of PAI in different plant forms (fPAI), and C, N, and P plant content. The N:P ratio also is shown. Data correspond to the mean value and standard deviation (SD) of the subsamples taken in each plot and treatment. 
